This paper presents a novel technique to calculate mean areal rainfall in a high temporal 9 resolution of 60-min on the basis of an inverse conceptual rainfall-runoff model and runoff 10 observations. 11
Introduction 31
The motivation for the concept presented in this paper comes from practical hydrological 32 problems. Some years back we set up rainfall-runoff models for different alpine rivers (e.g. 33 Stanzel et al., 2008; Nachtnebel et al., 2009a Nachtnebel et al., , 2009b Nachtnebel et al., , 2010a Nachtnebel et al., or 2010b . In the course of these 34 projects, we were confronted with massive errors in the precipitation input fields. This is a 35 known problem, especially in alpine environments. Although the temporal dynamics in the 36 runoff simulations were captured quite well, significant mass balance errors between observed 37 and simulated runoff were found. It could be excluded, that erroneous evapotranspiration 38 calculations were biasing the results (Herrnegger et al., 2012). In the HYDROCAST project 39 (Bica et al., 2011) we tested different precipitation interpolation and parameterisation schemes 40 by using the ensemble of generated inputs for driving a rainfall-runoff model and comparing 41 the simulated runoff time series with observations. In essence, the results showed, that no 42 significant improvements could be made in the runoff simulations and that the information on 43 the precipitation fields is strongly determined and limited by the available station time series. 44
The only additional information available concerning the precipitation of a catchment is the 45 runoff observation. The main aim is therefore to present a proof-of-concept for the inversion 46 of a conceptual rainfall runoff model. That is to show, that it is possible to use a widely 47 applied model concept to calculate mean areal rainfall from runoff observations. 48
Areal or catchment rainfall estimates are fundamental, as they represent an essential input for 49 modelling hydrological systems. They are however subject to manifold uncertainties, since it 50
is not possible to observe the mean catchment rainfall itself (Sugawara, 1992 runoff value. It is however conceivable to spatially disaggregate the mean areal rainfall from 243 the inverse model using additional information, e.g. assuming an elevation dependency of 244
rainfall. 245
Solid precipitation is accumulated without any direct signal on the hydrograph. It is therefore 246 impossible to use the inverse model to estimate solid precipitation. The inverse model can 247 therefore only be used to calculate rainfall in snow-free catchments, or, as in our case, 248 periods, in which runoff is not influenced by snow melt (i.e. summer months). However, in 249 rainless periods, where it is clear, that snow melt is dominating runoff (e.g. in spring), the 250 inverse model can be used to quantify snow melt rates from a catchment. 251
The applicability of the inverse model is limited to catchments, which are representable with a 252 lumped model setup and the proposed model structure. If a catchment is too large, one will 253 generally have problems modelling that system with a lumped model setup. Not necessarily 254 because of neglecting spatial heterogeneity in the model parameters (although this may also 255 be an issue) or ignoring a lag between the rainfall and runoff signal, but simply because the 256 lumped rainfall input used is "wrong" and is not representable for the whole catchment. If it 257 only rains in the headwaters of large catchment, the lumped input into the forward model for 258 this time step or rainfall event will be much lower, since it will be spatially aggregated. This 259 input is simply not applicable to the whole catchment and the simulations will show deficits. 260
In this case, an inversion will be highly flawed. 261
It is also clear, that catchments, independent of size, exist, where the application of this 262 particular model structure will fail (e.g. flatland catchments dominated by groundwater). If 263 hydro-meteorological conditions of the catchment change or are different from the calibration 264 period and the forward model (e.g. due to poor parameter estimation, inadequate model 265 structure, wrong representation of the real world prototype etc.) is not able to capture these 266 changes, then again the calculation of rainfall from runoff will fail (as they do for the forward 267 case). 268
However, being able to fit the forward model to observed runoff data and as long as the 269 forward model is able to represent the catchment responses to rainfall, an inversion will be 270 possible. The virtual experiments enable a rigorous evaluation of the inverse calculations, neglecting 288 uncertainties concerning measurement errors in runoff, model structure or model parameters. 289
All system states and fluxes of the forward model are perfectly known at every time step. This 290 information is used to evaluate the inverse models. Only after a successful evaluation of the 291 inverse model with the virtual experiments, can observations of runoff be used as input into 292 the inverse models. 293
Model calibration and simulations experiments with observed data

294
The application of the inverse model is based on the assumption that the forward model can 295 represent the catchment responses to rainfall, but needs to be calibrated against runoff 296 observations. Depending on the calibration setup, different model parameters will be 297 estimated. The calibration setup and in consequence model parameters (for a given model 298 structure) can depend on (i) the calibration period and length and (ii) the driving input used. 299
The inverse rainfall is also a function of the observed runoff, which may also exhibit possible 300 measurement errors. Finally, the initial conditions of the system states at the beginning of thesimulations also influence the results of the forward, but also inverse model. The model structure applied includes 12 parameters, of which 10 have to be calibrated. Two 308 parameters (INTMAX and ETVEGCOR) are estimated a priori (see Table 2 ). The simulation 309 experiments do not allow a systematic analysis of parameter uncertainty or the assessment of 310 equifinality. This is not the aim of this paper. The simulation experiments however enable a 311 first assessment of the robustness of the results. That is to show the forward and inverse 312 model performance, when the conditions are different from the conditions the model has been 313 calibrated against or if different driving inputs are used. 314
In a first step 3 different periods are used for calibration of the model parameters. In a further 315 simulation experiment, the runoff observation is increased by a constant offset of 10% to 316 evaluate the influence of possible streamflow errors on the simulations and the inverse 317 rainfall. A fifth experiment is performed, in which a differing rainfall realisation is used as 318 driving input for model calibration, in order to test the conditioning of the model parameters 319 and in consequence the simulations to the driving input. Given the model structure, the 320 inverse rainfall is a function of observed runoff, potential evapotranspiration, system states 321 and model parameters (eq. (4)). Extending eq. (4) explicitly with all relevant system states 322 leads to 323
The forward and inverse models are run as a continuous simulation in time. The preceding 325 system states are therefore an integral part of the simulation and are determined intrinsically 326 within the simulation. However, the initial system states at the beginning of the simulation 327 period (cold states) will influence the results of the simulation, but should, after an adequate 328 spin-up time, not influence the runoff but also inverse rainfall simulations. Therefore, a sixth 329 experiment was set up, in which 3 different cold start scenarios are defined:
For the reference scenario the system states from the continuous simulation were used. For 334 the cold states in the dry scenario the states from the reference scenario where reduced by the 335 factor 0.5 and increased by the factor 1.5 for the wet scenario. 336
Generally only June, July, August and September are used, since it can be guaranteed, that no 337 snow melt influences runoff in these months (see section 2.2.1). Parameter calibration in the 338 simulation experiments is performed for the forward model, using the Shuffled Complex 339
Evolution Algorithm (Duan et al., 1992) . As an optimisation criterion the widely used Nash-340
Sutcliffe-Efficiency (NSE, Nash and Sutcliffe, 1970) was chosen. 341
Materials 342
Study areas 343
The inverse model is applied to two catchments with different size, geology and land use 344 
Meteorological database
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(Krems catchment), both located in the proximity of the catchments (Fig. 4) performed. An overview of these experiments is given in Table 5 . 384  Approximate location of Tab.5 385
Results and discussions 386
Virtual experiments 387
In the virtual experiments it could be shown, that the precondition of existence, uniqueness 388 and stability of the inverse model results is given. Using all 20 000 simulated hydrographs 389 from the Monte Carlo runs, where the parameters were varied stochastically, the observed 390 rainfall time series could be identically reproduced by the inverse model. Apart from therainfall also all fluxes and system states where identical in the forward and inverse model 392 The inverse rainfall curves of Exp1 to Exp5 of the two catchments do not exhibit substantial 497 differences, although different calibration periods and setups were used. At the beginning of 498
June 2008 a flood was observed in the Schliefau catchment, which was underestimated in the 499 forward simulation, presumably due to inadequate representation of the storm event in the 500 rainfall observations (see runoff simulation in Fig. 7, lower left) . Larger rainfall intensities are 501 therefore calculated by the inverse for this period, leading to the larger deviations between the 502 cumulative sums of PObs and PInv of Exp1 to Exp5 as shown in Fig. 9 (lower left) . In the 503 Schliefau catchments larger differences between Exp1 to Exp5 occur in the year 2009 (Fig. 9,  504 lower right). Here, in the second half of June, a period of strong rainfall is evident, which also 505 led to a series of floods in the catchment (see also the hydrographs in Fig. 7) . The rainfall 506 sums originating from these high flows were calculated differently in the inverse models, 507 depending on the simulation experiment. In consequence, the inverse rainfall curves differ 508 from July onwards. In 2009, which was the wettest summer in both catchments, the highest 509 inverse rainfall sums are found for Exp4. This is what could be expected, since the observed quantitative measurement of rainfall were discussed. It can however be assumed that a 541 qualitative measurement, e.g. if it rains or not, will be more reliable. Table 7 For a given time interval, the inverse model will yield an exact agreement between observed 631 and simulated runoff, as long as there is a positive rainfall value Rt to solve eq. (5). This will 632 be the case in periods of rising limbs of observed runoff (driven periods), as a rainfall value 633 can be estimated, which raises the simulated runoff value to match observation. On the 634 contrary, in periods of observed falling limbs (non-driven periods) the simulated runoff will 635 solely be a function of the model structure, its parameters and the antecedent system states, assimulated runoff is higher than the observed value, no rainfall is calculated by the inverse 638 model. 639
Influence of cold system states on the inverse rainfall (Exp6)
640
To test the influence of cold states on the inverse rainfall simulations the simulation 641 experiment Exp6 was performed. Three different cold states (Reference, dry and wet system 642 states) were thereby defined (see section 2.3.2). Fig. 13 exemplarily shows the results of Exp6 643 for the Krems catchment. 644  Approximate location of Fig.13  645 From the monthly rainfall sums of the different model runs it is evident, that the inverse 646 rainfall calculations differ significantly at the beginning of the simulation. In the first month 647 the reference scenario results in a monthly rainfall sum of 30 mm, the dry scenario in 111 mm 648 and the wet scenario in only 9 mm. Generally the model will always strive towards an 649 equilibrium in its system states, which are a function of the model structure and parameters. 650
In the scenario "wet" a lot of water is stored in the states of the model at the beginning, with 651 the result, that little inverse rainfall is calculated. In the dry scenario on the other hand a 652 higher amount of rainfall is estimated, since less water is stored in the states at the beginning. 653
With time, however, the different system states converge. In consequence also the inverse 654 rainfall values converge and after 9 months no differences are evident. 655
As in forward models formulated in a state-space approach, it is evident that cold states have 656 a noteworthy influence on the simulation results. After an adequate spin-up time the system 657 states however converge, leading to deterministic and unique inverse rainfall estimates. 658 influences of (i) different model parameters due to different calibration periods and lengths, 670
(ii) different runoff observations and (iii) different parameter optimisation data basis on the 671 runoff and rainfall calculations, several simulation experiments are performed. Additionally 672 the influence of different initial conditions on the rainfall simulations are evaluated. 673
The forward model mostly shows stable results in both catchments and reproduces the 674 dynamics and variability of the catchment responses to rainfall in a satisfactory manner. Only 675 the simulation experiment, in which a single summer was used for parameter calibration, 676
shows a larger deterioration of the model performance in the independent years. The model 677 parameters are then used for deriving catchment rainfall from runoff observations. 678
The cumulative rainfall curves of the rainfall realisations (ground observation (PObs), INCA 679 to guarantee, that the transition between system states above and below the threshold value issolved exactly. A3, representing the soil layer, does include a min() operator for estimating 764 the ratio between actual and potential evapotranspiration as a function of soil water content. 765 This is however not a limiting factor for the inversion, since this factor is a function of the 766 preceding soil state BW0t-1, which is known. Only 50% of rainfall is used as input into the 767 interception storage BWI. By assuming that the other 50% are always throughfall, eq. A1 and 768 A2 also doe not limit the inversion, since a continuous signal through the whole model 769 cascade is guaranteed. The recession coefficient representing percolation processes in the soil 770 layer exhibits a nonlinear characteristic and is calculated as a function of actual soil water 771 content and a as a function of the form parameter PEX2 [-] . This model concept reflects the 772 fact, that higher soil moisture levels lead to higher soil permeability values. These induce 773 higher percolation rates which are reflected by lower recession coefficients. 774 Tables  939   Table 1 : Magnitude of different systematic errors in precipitation measurements (Sevruk, 940 1981 (Sevruk, 940 , 1986 
